We investigate the role of trade credit links in generating cross-border return predictability between international firms. Using data from 43 countries from 1993 to 2009, we find that firms with high trade credit located in producer countries have stock returns that are strongly predictable based on the returns of their associated customer countries. This behavior is especially prevalent among firms with high levels of foreign sales. To better understand this effect we develop an asset pricing model in which firms in different countries are connected by trade credit links. The model offers further predictions about this phenomenon, including stronger predictability during periods of high credit constraints and low uninformed trading volume. We find supportive empirical evidence for these predictions.
Introduction
During financial crises, stock market movements across the globe appear synchronized. To explain this observation, many have highlighted the role of direct economic links, such as trade flows, between countries.
literature. From the corporate finance literature, we take the idea that trade credit arises as the extension of finance from financially stronger to financially weaker firms (e.g., Schwartz, 1974) . From the international asset pricing literature, we borrow the assumption that asymmetric information exists in international capital markets between foreign and domestic investors (e.g., Gehrig, 1993; and Brennan and Cao, 1997) , and the assumption that markets are, at least partially, segmented (e.g., Errunza and Losq, 1985; and Merton, 1987) . Armed with these assumptions, we consider two countries with segmented stock markets each consisting of a representative firm. We designate one firm-country as the customer and the other firm-country as the producer. We model the correlation between the dividends of the two firms as rising with increases in trade credit and rising with the difference in the financing costs of the two firms. Each stock market is populated by domestic investors, who invest only in their local market, and by privately informed speculators, who invest in both markets. The investment opportunities available to speculators imply that they trade for information motives and for rebalancing motives, with the latter induced by the correlation between the two stock markets' returns.
To see how the model works, consider a positive shock to fundamentals in the customer country, about which speculators have private information. In equilibrium, some of this information flows to prices, causing a rise in the stock price of the customer country. If some information remains private, dividends would be higher than anticipated in prices, meaning that returns would be positive again in the future. In such an equilibrium, speculators increase their customer country holdings, bear more risk, and demand higher expected return, despite rebalancing their portfolios by selling some of their holdings in the producer country. When speculators sell on account of their rebalancing needs they have to concede some expected return to domestic investors in the producer country to induce them to buy, depressing the current price in the producer country. Thus, the model predicts cross-predictability, i.e., stock returns in the producer country can be predicted using prior movements in the customer country returns. Higher trade credit leads to a higher positive correlation across the two assets, and hence, a stronger rebalancing motive. This comparative statics exercise suggests that when trade credit is higher, cross-predictability is also higher.
The model delivers three main additional predictions regarding cross-predictability. First, cross-predictability is stronger when shocks to fundamentals dominate vis-à-vis shocks to rebalancing trades. Because shocks to rebalancing trades are associated with higher trading volume and lower cross-predictability, we hypothesize that cross-predictability is stronger when volume is lower. Second, cross-predictability is stronger when the difference in financing of credit and is used to limit the risk to exporters of default by importers.
costs of the two firms is at its highest, i.e., when trading credit is most valuable. Third, the way trade credit drives predictability in stock returns has nonlinear effects, due to the reduced benefits of using trade credit when customer firms are doing well.
To empirically explore the role of trade credit in driving cross-country return predictability, we build on the strategy in Rizova, 2010 . Rizova finds that high-exporting (producer) countries' stock market returns can be predicted using their major-importing (customer) countries' stock market returns. We modify her approach to further allow for the possibility of economic linkages between firms located in different countries. We estimate a baseline specification that allows for separate predictions of firm-level excess stock returns of producer firms with high and low levels of trade credit, and we find that the predictability is concentrated in high trade credit firms. We then further restrict the set of producer firms with high levels of trade credit to those with high levels of foreign sales, in consonance with economic intuition and our model's predictions for the highest levels of predictability based on the trade credit channel under investigation.
Our results are best illustrated as the returns on portfolio strategies. Within the bottom quintile of producer countries sorted by their customer countries' past performance, a strategy that goes long low-trade credit firms and short high-trade credit firms generates significantly positive stock returns. Across the quintiles of producer countries sorted by their customer countries' past performance, a strategy that goes long low trade credit firms in countries with high-performing customers and short high-trade credit firms in countries with poor-performing customers generates returns of around 14% per annum. While these returns are large and statistically significant, what is perhaps more important from the perspective of economic interpretation is our finding that the proximate driver of the cross-predictability of producer country stock returns by customer country returns is the trade credit channel. In other words, the trade credit channel appears to be the main reason for the predictability of producer country returns by customer country returns. 4 To ensure that our results are driven by the links between international firms, we verify that the cross-predictability we uncover is driven by firms with high levels of foreign sales. After controlling for high foreign sales, the cross-predictability operates as expected for producer countries experiencing high customer returns as well as for those experiencing low customer returns. The returns to these trading strategies are robust to a variety of controls, which we employ in our firm-level panel regressions to capture variation potentially caused by a range of country, industry, and firm-level attributes. The use of country and industry fixed effects, controls for lagged and contemporaneous local and world market returns, local industry returns, and firm-level controls such as the level of cash, firm size and book-to-market ratios, and short-and long-term debt do not affect the performance of the strategies. We also check the robustness of our empirical results by using different sorting procedures and by risk-adjusting in various ways. Finally, we employ a placebo test in which firm-level trade credit within an industry at each month is reassigned randomly across the firms in that industry during that month. We then repeat the empirical analysis and show that the strategy returns are not affected by conditioning on trade credit. The finding suggests that trade credit displays incremental explanatory power and gives further support to our identification strategy.
We test additional model predictions by inspecting cross-predictability during periods in which producer countries experience high trading volume relative to their market capitalization and by checking how the cross-predictability of stock returns operates during periods of financial stress when opportunities to access external capital markets are likely to be more unequal. We find that cross-predictability is significantly higher when our proxy for volume is low and that the cross-predictability of stock returns operates primarily in periods of financial stress. Virtually all of the returns from the buy-and-hold strategies are garnered during periods of high financial stress. We conclude that, consistent with the model, trade credit is particularly relevant as a mechanism for the international transmission of economic shocks during periods of financial stress, for firms with high foreign sales, and during periods with low trading volume. Finally, our results are particularly strong when customer returns are low, consistent with the nonlinear effects predicted by the model.
Our model constitutes a theoretical contribution providing a reliable identification of economic links by way of the trade credit channel. In particular, we model the effects on return predictability of the actions of agents who learn from prices, and, by introducing trade credit, we add firm-specific financial considerations to the modeling of cross-predictability. We are thus able to separate our story from the investor inattention view of Hong, Torous, and Valkanov (2007) , Cohen and Frazzini (2008) , and Menzly and Ozbas (2010a) . While trade credit presumes long-term relations that are known by the market and can be subject to investor inattention [such as the customer-supplier links emphasized by Cohen and Frazzini, 2008] , trade credit also emphasizes a financial link, which we test directly. By modeling firm-level operating fundamentals, we also offer a distinct framework for return correlations from that stemming from the constraints imposed on institutional investors (e.g., Brunnermeier and Pedersen, 2009; Hameed, Kang, and Viswanathan, 2010; and Bartram, Griffin, and Ng, 2012) . Shahrur, Becker, and Rosenfeld (2009) and Rizova (2010) find evidence of cross-country return predictability at aggregate levels (i.e., across industry portfolios or country indices). Our analysis is distinguished from theirs by its emphasis on the firm-level predictability and its focus on a specific theoretically motivated mechanism. This emphasis allows for sharper inferences, enabling us to detect cross-border return predictability, which is substantially higher than that previously found in the literature. Moreover, we are able to provide insight on an important economic driver of aggregate cross-border return predictability. That is, we build a theoretical model to understand the role of trade credit and, thus, derive additional predictions that are supported by the data. The remainder of this paper is organized as follows. Section 2 presents the model and theoretical predictions. Section 3 describes the data employed. Section 4 discusses the empirical strategy and results. Section 5 concludes. The Appendix contains the proofs of the results in section 2.
An asset pricing model with trade credit
We take two dates, t = 1, 2, and two countries: a customer country labeled C and a producer country labeled P , each with one firm. The customer-country firm buys from the producer-country firm. We first model the corporate finance part of the economies related to trade credit. We derive firm dividends and establish dividend correlation across countries, showing how trade credit affects this correlation. We then embed this model of dividends into an asset pricing model to derive predictions about stock returns.
Modeling trade credit
We adopt the prominent view in the literature that trade credit is the extension of finance from the financially stronger firm to the financially weaker (e.g., Schwartz, 1974 ).
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The model below shares many features of the model in Biais and Gollier (1997) .
6 Each firm 5 Petersen and Rajan (1997) find evidence for this view by showing that more profitable sellers provide more trade credit. Nilsen (2002) shows that small firms obtain more trade credit from their suppliers during monetary contractions. Choi and Kim (2005) show that trade credit allows firms to absorb the effect of a credit contraction. Love, Preve, and Sarria-Allende (2007) find that trade credit provision increases after crises start.
6 There are several variants to this view. If trading partners are better informed than banks (see Biais and Gollier, 1997; Emery, 1984; Smith, 1987; and Brennan, Maksimovic, and Zechner, 1988) , they can substitute for the banks through trade credit. Alternatively, if sellers can repossess and better liquidate the goods upon default by the buyer than a bank can (Mian and Smith, 1992) , then sellers would have an advantage in supplying credit to buyers vis-a-vis banks. Finally, if a buyer does not pay, the seller can choke the buyer by cutting additional supplies (provided buyer continues operating) and this could represent better enforcement than cutting credit by a bank if the market for bank loans is more competitive or if the bank is restricted by bankruptcy from doing so. pays a liquidating dividend at date 2 that depends on the trade credit deal between them.
At date 2, the random normal quantity of goods S is traded between customer and producer. Customer and producer firms agree to trade the fraction α of goods at P T C per unit paid at date 1 (trade credit) and the fraction 1 − α at the cash price of 1. The price P T C is to be determined in equilibrium. The producer (customer) faces an opportunity cost of money of R P (R C ) per unit. It is assumed that the producer firm is financially stronger,
Assuming no cost in producing goods for simplicity, the producer firm's date 2 dividend is
The amount paid via trade credit is measured in date 2 units and must be discounted to reflect the opportunity cost of money. The customer firm's dividend is
whereP is some exogenous, reservation price at which the firm can sell its products.
The trade credit price P T C is the outcome of Nash bargaining. To solve for the Nash bargaining solution, we have to specify the dividend to either firm if trade credit is not used. We assume that the producer firm's dividend absent trade credit presumes all sales are cash and equals S and, likewise, for the customer firm its dividend absent trade credit isP S − S. Assigning the bargaining weight ψ to the producer, the date 1 choice of P T C solves max
From the necessary and sufficient first order condition, the solution to this problem is to set
The price of goods sold on credit is given by a threshold, R P , which represents the opportunity cost of selling for cash and investing the money, plus the producer's bargaining fraction of the surplus from trade credit. This surplus internalizes the differential opportunity cost of money that each trading partner faces. The stronger financial firm lends money to the weaker firm at R P by means of trade credit, and they both share the surplus of avoiding borrowing by the weaker firm at R C .
Given the solution for P T C , we derive the optimal dividends,
and
Profits increase by the amount of shared surplus relative to a trade that does not involve trade credit.
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For notational simplicity, we transform dividends by letting
and specifying the date 2 customer dividend and the producer dividend to be, respectively,
All four shocks ε C , u C , ε P , and u P are normally distributed with zero means and variances
εP , and σ 2 uP , respectively, and are independent of each other. Specifying two shocks, ε C and u C , in lieu of the random variable S, is arbitrary but useful later when we characterize investors' information sets. We add a stream of dividends to the producer firm unrelated to trading with the customer firm given by ε P +u P . The parameter α incorporates the effect of trade credit and measures the covariance between country dividends, i.e.,
The covariance α is increasing with trade credit, α, and increasing in the spread R C − R P . The reason for the latter is that the larger spread increases the gains from trade credit for fixed α and the dividends to both firms.
Investors and investor demands
In subsection 2.1, we show how trade credit affects the covariance between dividends across countries. The covariance between dividends is an integral part of the asset pricing model that we build because it drives both hedging demands and information transmission.
Each country has a continuum of investors with unit mass. The fraction 1−µ i of investors in country i = C, P invests domestically only, and the fraction µ i invests in both countries. We label the µ i investors as speculators and the rest of the local investors as domestic.
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Investors have a constant absolute risk aversion of γ > 0 about their date 2 wealth, W 2 . They can borrow and lend at the risk free rate that we normalize to zero. There is an exogenous, random supply of shares in each country, z i , with mean zero and variance σ 2 zi , with i = C, P . We solve for a rational expectations equilibrium in which investors take prices as given when solving for their asset demands. The equilibrium price is such that total stock demand equals total stock supply.
The final aspect to consider in the model is the information available to each investor. Following an extensive literature in international finance that highlights the role of information asymmetries in explaining many stylized facts (e.g., Gehrig, 1993; and Brennan and Cao, 1997) , we assume that speculators have better information than domestic investors [see, for example, Froot and Ramadorai (2008) , for evidence to support this assumption]. For simplicity, speculators learn both shocks, ε C and ε P . LetD
This decomposition of dividends can be derived from a model in which speculators receive signals about future dividends. In that setting,D i is the speculators' expectation of the future dividend conditional on the signal, and u i is the forecast error made by speculators. Domestic investors learn only from their local price as there is no additional public information. Solving the domestic investors' optimization problem (see the Appendix for details), we obtain their local-asset demands, θ i , for i = C, P ,
Superscript d means that the conditional moments use the information available to the domestic investors in the respective country. According to the asset demand in Eq. (10), domestic investors in country i face a mean-variance trade-off and buy more of country i's stock if they expect a higher return for the same conditional variance. From the speculators' optimization problem, we obtain η i , their asset demand for country
8 This segmentation hypothesis has been used in many papers, most notably in Errunza and Losq (1985) and Merton (1987) . Empirical evidence suggests that segmentation remains an important feature of international financial markets (see, for example, Bekaert, Harvey, Lundblad, and Siegel, 2010) . It is consistent with the home bias in international equity portfolios and with other features of international investing (see Albuquerque, Bauer, and Schneider, 2007) as well as with the existence of carry trade profits in foreign exchange (see Jylha and Suominen, 2011) .
Speculators buy more of country i's stock if the expected return on the country's stock is high, or if the expected return on the other country's stock is low. The former trading motive is driven primarily by information, whereas the latter trading motive is a portfolio rebalancing effect that obtains because of the trade credit linkage. The size of the rebalancing effect is determined by the magnitude of trade credit as incorporated into α .
Equilibrium
The stock supply in the two markets z C and z P are random normal variables with zero means and variances σ 2 zC and σ 2 zP , respectively, and independent from all other shocks. Random stock supplies are introduced to guarantee that the equilibrium price is not fully revealing and that some information remains private to speculators. Market clearing requires
In the Appendix, we show that the stock markets clear with the following stock prices:
Proposition 1. If a linear equilibrium exists, the date 1 stock market equilibrium is characterized by the following prices:
The constants b CC , b P P , b CP , h CC , h CP , b P C , h P P , and h P C are nonlinear functions of the model parameters. This feature of equilibrium prices is due to the fact that the pricing in one market affects speculators' rebalancing trades in the other market. If the forecast error in C is large and if expected returns there are high, then speculators could sell in P for rebalancing purposes, forcing a lower price. Hence, b P C > 0. Likewise, noisy supply in either market is likely to contribute to low prices, h ii , h ij > 0. Given equilibrium prices, we can solve the learning problem of the domestic investors. After observing the equilibrium prices, domestic investors in country i learn
Π i is a noisy signal forD i for domestic investors in country i. The conditional means and variances used by domestic investors to determine their asset demands are consistent with equilibrium prices and Π i . For brevity we leave the construction of these moments to the Appendix, where we also show how to find the conditional forecast errors,
This concludes the construction of the equilibrium. In the Appendix we also show how the equilibrium can be solved numerically.
Cross-country return predictability
We now use comparative statics to study the properties of the theoretical covariance Cov P C , D P − P P . We focus on this moment, as it is most relevant for our empirical analysis. The sign of this covariance is the same as the sign of the slope coefficient in a cross-predictability regression of future producer-country returns on current customer-country returns. That is, in the model,
Besides being interested in the sign of this covariance, we are interested in how it changes with the size of trade credit, α, and the financing cost difference, R C − R P .
We begin with an intuitive description of the way in which information-driven trades and portfolio rebalancing trades affect this covariance. As a first step, consider a situation in which good private information about future customer-country dividends emerges. If there were a perfectly efficient market in which information is fully impounded in the price, the price would immediately adjust upward and there would be no trading. However, in our model, in which information is not fully impounded into the price, there is a partial, not full, price increase. Recall from Proposition 1 that domestic investors' forecast error,
, keeps the price from increasing up to the full present value of future dividends. The partial price increase induces speculators, on account of their private information, to buy customer-country stock, increasing their holdings of these stocks. This increased holding triggers an additional effect. Because customer-country stock returns are conditionally positively correlated with producer-country stock returns, speculators rebalance their portfolios by selling some producer-country stock.
Absent any dividend shocks in the producer country, domestic investors in the producer country are willing to absorb these rebalancing-induced speculator sales only if the current price (future return) of producer-country stock drops (rises). Thus, in equilibrium, high returns in the customer country forecast high returns in the producer country. Now consider a different situation in which an unexpectedly low supply realization in the customer country emerges. The presence of random supply constitutes noise, making it difficult for domestic investors trying to learn the private information of speculators, as low supply drives prices up in an identical fashion to good private information. The consequences of such a low supply shock are different from an information shock, however, because dividends are not expected to be high in the future. As a result, expected returns in the customer country must be low following a low supply realization. Speculators, therefore, would move to the producer country, thus bidding producer-country stock prices up, lowering producer-country expected stock returns. In such a situation, therefore, speculator rebalancing trades contribute to negative cross-asset serial correlation.
The relative importance of trades driven by noisy supply shocks and trades driven by information in affecting the covariance Cov P C , D P − P P depends on the relative size of the variances σ The solid line in the figure has a positive slope, which shows that, when σ 2 zC is low, higher levels of trade credit are associated with a stronger cross-predictability relation between the assets of the two countries. Intuitively, when speculators respond to information shocks pertaining to the customer country, a high level of α (meaning that the conditional correlation across the two assets is stronger) creates stronger rebalancing motives in the stock of the producer country. This can be seen in Eq. (11)). Good news in the customer country still implies higher expected returns in the customer country, but generates a stronger rebalancing stock sale in the producer country because the two stocks have higher correlation. Domestic investors in the producer country are willing to accommodate these trades only if the price is sufficiently low and, thus, if the expected return is sufficiently high.
Nonlinear effects
In line with the trade credit literature, it is natural to think that the effect of trade credit depends nonlinearly on the state of the economy and, hence, on the level of customer country stock returns.
First, trade credit could serve as a particularly important mechanism for the transmission of shocks during periods when funding is scarce (e.g., Nilsen, 2002; and Choi and Kim, 2005) , i.e., periods when R C − R P is likely to be highest.
Second, consider the effect of the interest tax shield of debt. In good times, firms can use the interest expense on their debt as a shield against the taxation of profits, meaning that the relative benefit of using trade credit, i.e., the ability to consume credit at a rate in-between the borrowing costs of producer and customer firms, is lower. However, in bad times, when profits are lower, the interest tax shield motivation is reduced, and the benefit of trade credit will be highest.
Finally, during good times for consumer firms, their bargaining power could increase, leading to a decline in α and a reduction in the covariance E D P D C . α is an increasing function of the producer firms' bargaining power, ψ.
9 A similar picture arises if instead we let σ 2 εC determine the relative strengths of the rebalancing effect (low σ 2 εC ) and of the asymmetric information effect (high σ 2 εC ). However, our preference for using σ 2 zC here lies in the fact that σ 2 zC does not affect the covariance of fundamentals as does σ 2 εC , leaving this role exclusively to the trade credit parameter, α.
While these nonlinear effects are clearly important, difficulties arise in directly incorporating them into our model. Our model embeds trade credit into an asset pricing equilibrium with asymmetrically informed investors. The model generates predictions for cross-country return predictability and shows that this predictability is related to the level of trade credit. However, the model does so in the context of an equilibrium linear price rule (see Proposition 1). This equilibrium linear pricing rule results from the standard assumptions of normality of shocks and exponential utility.
Departing from this standard framework is complex, but we outline one possible avenue to do so. Suppose that firm policies for the usage of trade credit follow a threshold rule. The threshold rule results in the covariance E
certain threshold and zero (no trade credit used) if ε C is above this threshold.
Speculators observe ε C , so they know the size of the true covariance
speculators know when firms use trade credit and when they do not.
Assume that domestic investors believe that firms always use trade credit, i.e., that
uC ) always. Domestic investors also do not know that speculators' assessment of E D P D C varies with ε C , but they do know that speculators could be using
The two groups agree to disagree in the usual sense.
The Appendix provides the solution of the model under these assumptions. The solution shows that when ε C is low, and both investors believe E
, which corresponds to true firms' policies. Cross-country return predictability displays the properties in our baseline model and increases with trade credit.
However, when ε C is high, and speculators and domestic investors agree to disagree on the size of the true covariance, the fact that α = 0 for speculators removes their static hedging demand and, thus, the link between the two countries' stock returns. The Appendix shows that domestic investors' beliefs that E
uC ) are irrelevant for the equilibrium. Cross-country return predictability is therefore zero in this case.
Under these assumptions, the model delivers a nonlinear prediction, that cross-country return predictability depends on trade credit only when customer country firms experience low returns.
Predictions
The model delivers several predictions regarding cross-country return predictability.
Prediction 1 Cross-country predictability in returns is positive due to trade credit. Prediction 2 Cross-country predictability in returns increases in trade credit. This effect should be stronger when uninformed volume is low.
Because differences in financing costs enter multiplicatively with trade credit, α R C − R P , we have Prediction 3.
Prediction 3 The effect of trade credit on cross-country predictability increases with
We test Prediction 3 using an index of financial stress in emerging countries as it is natural to assume that unequal access to credit across firms internationally is more likely in periods of financial stress (e.g., Nilsen, 2002; and Choi and Kim, 2005) .
And, finally, because of the presence of nonlinear effects in trade credit, we have Prediction 4.
Prediction 4 The effect of trade credit on cross-country predictability is stronger for low customer country returns.
Our model shares several aspects with the model of investor inattention of Menzly and Ozbas (2010b) , which builds on Cohen and Frazzini (2008) and, thus also shares some of the same predictions. Cross-predictability is linked to economic fundamentals in both models and is also related to the presence of uninformed investors (or inattentive investors in their model). However, the models are not observationally equivalent, as we highlight the role of trade credit in generating the association between economic fundamentals and also because trade credit ties our story uniquely to financial conditions. Our model assumes that domestic investors in each country learn only from local prices [in Menzly and Ozbas (2010b) investors do not learn from prices]. This assumption is not critical, however, as long as domestic investors do not become fully informed about the dividend process by observing foreign prices. The presence of noisy supply guarantees that domestic investors would be unable to perfectly learn the information of speculators even if they also observed foreign prices and, thus qualitatively the economic mechanism we highlight would be unaffected.
Finally, trade credit has important intertemporal dimensions absent in the model that result from established long-term relations between producers and customers (e.g., Petersen and Rajan, 1997) . Arguably, such long-term relations should lead to stronger co-movement in fundamentals, in which case our results would be strengthened. However, long lived investors could be able to acquire more information, in which case our results would be weakened. These trade-offs are important for a quantitative evaluation of the mechanism but do not change its effects qualitatively.
Data and variable definitions
Our empirical goal is to assess the predictability of producer firms' stock returns using the stock returns of customer firms linked via trade credit. As we do not have detailed firm-level data for each producer firm on its list of customers, we adopt an indirect approach, forming customer stock return indices based on aggregate international trade at a country level and trade credit at a firm level to predict the stock returns of firms in producer countries. We include a variety of controls to account for a range of country, industry, and firm-level attributes.
Producer and customer countries
We start with all the countries for which firm-level data are available on Worldscope for the period January 1993 to March 2009. We employ data beginning in 1993 because return (and accounting) data are significantly incomplete before January 1993 for a large number of firms across several countries. We identify producers and customers, and we do so annually, at the country level, using trade flows across countries. We obtain annual bilateral trade data from International Monetary Fund (IMF) Direction of Trade Statistics and annual gross domestic product (GDP) data from the IMF World Economic Outlook Database to classify countries as producers and customers. The producer countries in a given year are those in the top 75% by exports to GDP in the previous year. By using a relative benchmark, our approach minimizes the impact of trends in international trade on the size of the producer set and contributes to a better identification strategy. A producer country's associated customer countries are those responsible for at least 5% of the producer country's exports. The online Appendix displays robustness results with customer countries defined by the 3% and 7% alternative thresholds (Table A8) . We utilize this classification of producer and customer countries at the firm level, predicting firm-level stock returns of firms in producer countries using an index of the previous month's returns of its major customer countries. Table 1 shows the 43 countries that constitute the sum of all producer and associated customer countries (37 of these are designated as producers during at least one year of the study period and 36 appear as a major customer of a producer country at least once). We restrict ourselves to the set of firms with time series of available accounting data (sales, cost of goods sold, accounts receivable, etc.). The customer set is only limited by the availability of country equity market indexes from either MSCI or S&P/IFC. At the firm-level, we focus only on industrial firms, filtering on the basis of the firm's general industry classification in Worldscope.
[Insert Table 1 near here]
Price and returns data
We obtain total equity return data of all industrial firms in the producer countries from Datastream. Return data for Brazil, Czech Republic, Hungary, Israel, Poland, Russia, Saudi Arabia and Slovakia are available beginning later than January 1993, as shown in Table 1 . Table 1 also presents summary statistics on monthly market capitalization-weighted country index US dollar returns and shows the number of unique industrial firms available per country over the entire period. Our data contain 15, 627 firms in 37 producer countries.
10 The column entitled 'Average number of firms' indicates how many stocks on average constitute the country index in each month. We filter out extreme values in the total return data from Datastream, removing data points showing monthly firm-level returns in excess of 1, 000% for any firm (there are very few such observations). The country indices are then constructed by weighting firms by their previous year-end market capitalization. The correlation between these country indices, which we construct with firm-level data from Datastream, and the corresponding MSCI country indices is high, as can be seen in Fig. A1 , which constructs these indices for all available countries with returns data (not limited to the sample that we consider). Our tests also use data on monthly US dollar Treasury bill rates sourced from the Kenneth French data library 11 and factor returns that we employ for risk adjustment using MSCI country index return data.
Trade credit measures
We construct a firm-level measure of trade credit as the ratio of accounts receivable to sales. We employ annual accounting data from Worldscope (via Datastream) for all firms in the producer set of countries identified in Table 1 : accounts receivable (from trade) (WC02051 ) and sales (WC01001 ). Writing AR i,t for the dollar amount of accounts receivable for firm i in year t, trade credit is defined as
10 We include firms from the following industries: consumer goods and services, health care, industrials, oil and gas, technology, telecommunications, and utilities. We exclude firms from banking, insurance, and other financial industries. The online Appendix contains a comparison of the data coverage in this paper with that in Fama and French (2012) and Hou, Karolyi, and Kho (2011) .
11 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html Table 2 shows descriptive statistics for the value-weighted index for the trade credit measure.
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We filter extreme values above 50 (5000%) in this ratio at the firm level, a procedure similar to Demirguc-Kunt and Maksimovic (2001) . Table 2 shows descriptive statistics for both the time series and the cross-section of value-weighted indices of ART urnover for all possible producer countries, both filtered and unfiltered for extreme values. Using a similar classification of countries into emerging and developed as in Froot and Ramadorai (2008) , accounts receivable amount to 22% of sales in any given year in developed countries, taking the mean across the average values reported in Table 2 .A. For emerging markets, this value is 25%, suggesting that no real difference exists between developed and emerging countries along this dimension. However, substantial cross-sectional and time series variation exists in the level of ART urnover, suggesting that there could be periods when these links between firms assume greater importance.
[Insert Table 2 near here]
Control variables
In our panel regressions, we use firm market capitalization (WC08001 ) as an independent variable to account for the potential impact of firm size driving firm returns. We scale the variable as a percentile rank between zero and one by country in each month to account for nonstationarity (M arketCapitalizationRank i,t ). We also include several variables to control for risk attributes (see Hou, Karolyi, and Kho, 2011) and for attributes that could contain information about a firm's financing situation such as trade credit, cash and equivalents (WC02001 ), short-term debt (WC03051 ), total debt (WC03255 ), total assets (WC02999 ), 12 We replicate our analysis using net trade credit defined as the ratio of accounts receivable minus accounts payable (from trade) (WC03040 ) to sales. Data are filtered for extreme values above 50 and below −50. Table A1 of the online Appendix shows descriptive statistics for the value-weighted index for net trade credit, and Table A9 shows a summary of the results.
and total liabilities (WC03351 ).
13 These variables are defined as
ShortT ermDebtT oAssets i,t = ShortT ermDebt i,t T otalAssets i,t ,
and EquityM arketV alueT oBookV alue i,t = M arketCapitalization i,t T otalAssets i,t − T otalLiabilities i,t .
We are interested in assessing the extent to which trade credit matters based on a firm's international sales exposure. We use foreign sales (WC08731 ) to classify a firm as having high foreign sales (HighF oreignSales i,t ) using the ratio
We also control for the multinational status of the firm using a dummy variable, which flags the existence of nonzero foreign sales (M ultinationalDummy i,t ). We follow Campbell, Grossman, and Wang (1993) to construct a measure of uninformed trading volume in the stock market.
14 We obtain time series data for the trading volume from Datastream for each stock in each producer country in our study and aggregate these to obtain the stock market trading volume level EquityT radingV olume c,t . For country c and time t, we classify periods of high uninformed volume (HighT radingV olume c,t ) in a country using the ratio EquityV olumeT oM ktCap c,t = EquityT radingV olume c,t T otalM arketCapitalization c,t .
We use producer country trading volume due to its simplicity, noting that the effects of uninformed trading volume in the model coming from the producer or the consumer countries both lead to negative serial cross-predictability in returns.
13 As the necessary firm-level accounting data are unavailable in our data source for Colombia, Egypt, Morocco, Peru, Saudi Arabia, and Slovakia, these drop out of the possible producer set in our analysis (Table A10) . Foreign sales data are unavailable for Chilean firms on Worldscope.
14 For other measures of uninformed volume, see Llorente, Michaely, Saar, and Wang (2002) and Gagnon and Karolyi (2009) .
We obtain the IMF World Economic Outlook Financial Stress Indicator to identify periods of financial stress. The index, developed by Danninger, Balakrishnan, Elekdag, and Tytell (2009) , has measures of exchange market pressure, emerging economy sovereign spreads, betas of banking stock, stock price returns, and time-varying stock return volatility for 18 emerging markets. We define these as any month in which the Financial Stress Indicator for any emerging market is above one, which flags 65 out of 195 months in our sample as financial stress periods.
Empirical strategy and results
A simple illustration of our approach could be instructive before presenting a full-blown description of our pooled regression model. At the beginning of each year, we identify the major customer countries (as described in section 3) for each producer country. We then construct an index of customer-country (value-weighted) stock returns for each producer country, which we refer to henceforth as the "customer indices." We sort these customer indices each month into quintiles based on their stock returns.
Consider the bottom quintile of customer indices thus sorted. The stock returns of firms located in the associated producer countries connected to these customer indices should on average be lower than those of firms in producer countries associated with the top quintile of customer indices if there is cross-country predictability.
To test our specific prediction, we next sort the producer firms within these quintiles sorted by customer indices, by their level of trade credit. Our model predicts that these firms, with high trade credit, located in producer countries that are linked to customer countries with low past returns, should on average have even lower stock returns.
Regression setup
In line with this intuitive description, to formally test our hypothesis, we estimate a pooled regression model that allows us to simultaneously control for the impact of multiple conditioning variables. The regressions are estimated using weighted least squares, with each firm weighted by its market capitalization relative to all other firms in the same trade credit group. This is done to be able to interpret the coefficients as the returns on value-weighted portfolios. The fully specified regression that we estimate is
Here, the dummy variable CustomerReturn j i,t−1 takes the value of one if firm i is in a producer country with an associated customer index in the j th quintile in month t − 1 and a value of zero otherwise. The dummy variable T radeCredit k i,t−1 takes the value of one if firm i is located in the k th tercile of firms sorted by their levels of trade credit in month t − 1 and a value of zero otherwise. Correspondingly,α j,k is the regression intercept for firms in a producer country with an associated customers index in the j th quintile, and in the k th tercile of firms sorted by their levels of trade credit. Z i,t is a vector of (a comprehensive set of) control variables.α andβ are vectors of regression coefficients, and ε i,t is the regression residual. In our estimation, standard errors are clustered by month-country-industry.
As per the intuitive example described above, an alternative way to view our test is through the lens of a portfolio strategy, i.e., a portfolio that is long low-trade credit firms and short high-trade credit firms should have positive returns when customer index returns are low and negative returns when customer index returns are high. This strategy operates within quintiles sorted by customer index returns. Yet another trading strategy uses the differences across quintiles sorted by customer index returns. This strategy consists of going long high-trade credit firms in the high customer return quintile and short high-trade credit firms in the low customer return quintile. We also evaluate the returns to these long-short strategies.
We conduct a sharper test of the predictions of our model, conditioning on producer firms' level of foreign sales. In our identification, the transmission channel is an overseas firm-link on account of trade credit. Hence, if our model is correct, firms with high foreign sales and high levels of trade credit should demonstrate the highest levels of predictability.
We therefore define HighF oreignSales i,t−1 as a dummy that takes the value of one if firm i has a F oreignSalesT oT otal i,t−1 ratio (22) in the top tercile for its country in the period t − 1 and zero otherwise. We then interact the dummy variable HighF oreignSales i,t−1 with the CustomerReturn j i,t−1 and T radeCredit k i,t−1 dummies in the regression to capture the difference in intercepts between firm groups with high and low levels of foreign sales. As foreign sales data are not available for all firms in all countries, in the specifications in which we employ this variable, the sample size is reduced from 1,200,585 to 700,650 firm-month observations. When presenting our regression estimates, we first show results from a stripped-down version of Eq. (24) which omits control variables Z i,t . In order to control for a range of firm attributes that could be correlated with firm-level expected returns, we follow Hou, Karolyi, and Kho (2011) and others and use a comprehensive set of firm characteristics in Z i,t , including cash-to-assets (CashT oAssets i,t−1 ), the market capitalization rank of the firm within a country at each point in time (M arketCapitalizationRank i,t−1 ), the market-to-book ratio (EquityM arketV alueT oBookV alue i,t−1 ) of the firm, the lagged one-month firm return and lagged customer index return as momentum controls (see also Jegadeesh and Titman, 1993) , lagged country-industry return (see Cohen and Frazzini, 2008 and Ozbas, 2010a) , lagged country return, and contemporaneous world market return.
Trade credit could be correlated with other firm attributes that generate return spreads across firms; for example, if firm size is correlated with the use of trade credit, then our results could simply be picking up a size effect in stock returns. Another potentially correlated firm attribute, the level of short-term debt, is a well-known indicator of the financial fragility of a firm [see Rodrik and Velasco (2000) , for example, on the association between short-term debt levels and the impacts of financial crises]. As a result, we also control for the value of the trade credit measure (ART urnover i,t−1 ), a dummy representing that the firm has operations in multiple countries (M ultinationalDummy i,t−1 ), short-term debt-to-assets (ShortT ermDebtT oAssets i,t−1 ), and total net debt-to-assets (N etDebtT oAssets i,t−1 ). Finally, we add country and industry fixed effects into our estimation to soak up any potential variation arising from these sources. Table 3 presents the results of the baseline panel regression specification. In the first matrix, the specification uses no control variables beyond the interactions between trade credit and customer-index returns, which sort the firms into 15 groups in each period. Within the bottom customer-return quintile (firms in producer countries with customers in the lowest quintile of stock returns), the firms with low trade credit have average stock returns, which are approximately 1.2% per month higher than those with firms with high trade credit. This difference, which is the return on a long-short portfolio within the bottom customer-return quintile, is statistically significant and translates to an annualized return of approximately 14% (both the long and short legs of this strategy are significant).
Results
[Insert Table 3 near here]
The second matrix in the table adds in the control variables. By and large, these controls display the expected signs, and we omit their presentation for space considerations. Despite these additional controls, the table shows that the difference between low-and high-trade credit firms in the bottom quintile of customer returns continues to be strong and statistically significant, at approximately 1.0% per month or around 13% per annum (excluding fixed effects). When industry fixed effects and country fixed effects are added, the results remain strong and statistically significant. The invariance of the results to the addition of industry dummies indicates that the performance of our strategy is not merely driven by cross-industry variation in trade credit measures and time variation in the extent of this cross-industry variation. Instead, the performance of the strategy is driven almost completely by firm-level variation in trade credit. In other words, even within the same industry, we expect that variation across firms in trade credit levels would line up with the predictive ability of customer-country returns.
Table 3 also shows that, in the top quintile of customer returns, the difference between low-and high-trade credit firms within this quintile is positive. However, barring any nonlinear effects, we would expect a negative difference between low-and high-trade credit firms when customer returns are high. The reason is that when customer returns are high, positive cross-serial correlation should imply that producer firm returns would be high in the future, and particularly so if the level of trade credit is high. This finding also impacts the cross-quintile strategy when, instead of looking at the returns on the long-short portfolios within quintiles, we consider differences across quintiles sorted by customer country returns. This strategy consists of going long high-trade credit firms in the high customer return quintile and short high-trade credit firms in the low customer return quintile. It yields 1.2% per month without controls, and 1.3% once all controls with country and industry fixed effects are included. In the top quintile of customer returns, the difference between the lowand high-trade credit firms within this quintile is positive. Hence, the strategy yields higher returns (1.8% per month with fixed effects) if we go long in low-trade credit firms in the high customer return quintile and go short in high-trade credit firms in the low customer return quintile. This result, however, is not robust when we subsequently condition on foreign sales, consistent with the existence of nonlinear effects in trade credit that we discuss in our model.
In Table 4 , we condition our strategy on firms' international exposure using the level of foreign sales. This helps us in our identification of the trade credit link between firms. We do this by further interacting the trade credit dummies with the high foreign sales dummy. The results of the long-short strategy within the bottom quintile of firms sorted by customer country returns are even stronger for firms with high foreign sales and are significant, with a monthly return of roughly 1.6% without fixed effects and 1.7% with fixed effects. Moreover, the returns to the same strategy applied to firms with low foreign sales are markedly smaller at 0.3% per month and are insignificant.
15 The table also shows that for firms with high foreign sales, both the within-and across-customer return quintile portfolio strategy yields larger and more significant returns than for firms with low foreign sales.
[Insert Table 4 near here] Table 4 shows that, for high foreign sales firms, the strategy of going long high-trade credit firms in the high customer return quintile and short high-trade credit firms in the low customer return quintile delivers positive and significant returns (roughly 2.0% with fixed effects), as per our hypothesis. Only one of the legs in this strategy has significant returns. In contrast, the predictability result is weak for low foreign sales firms. Finally, there is a weaker asymmetric finding as the across strategy of going long low-trade credit firms in the high customer return quintile and short high-trade credit firms in the low customer return quintile delivers positive (roughly 2.4% with fixed effects) and significant returns for firms with high foreign sales. In the top customer quintile, we cannot reject that low-trade credit firms in the top customer quintile earn the same return as high-trade credit firms also in the top customer quintile. Table A4 , Panel B, repeats the same regressions but without controls. The within and across quintile strategy results are essentially the same, with the strong and statistically significant predictability concentrated in firms with high foreign sales. Table 5 tests the model prediction that the cross-predictability of stock returns depends on both trading volume and trade credit. Recognizing that other interpretations of this variable could exist (see, for example, Llorente, Michaely, Saar, and Wang, 2002), we identify periods during which stock trading volume is high relative to market capitalization as those in which there is high uninformed trading volume [see, for example, Campbell, Grossman, and Wang (1993) for a similar assumption]. Table 5 shows suggestive evidence in support of the model for firms with high foreign sales. The returns to both within and across strategies during periods of low trading volume in producer countries dominate the corresponding returns during high trading volume periods, as the model would predict if rebalancing trades dominated (see Fig. 1 ). When trading volume is low, the returns on this strategy are large and statistically significant. The returns rise to 3.5% per month with fixed effects and are statistically significant. The returns of going long high-trade credit and short low-trade credit conditional on being in the top customer quintile are about half as the same returns conditional on being in the bottom customer quintile, which is supporting evidence for nonlinear effects in the model. Table A5 repeats the same regressions but without controls. The results are unchanged.
[Insert Table 5 near here] Table 6 tests the model prediction that investigates the conditional performance of our trading strategy during periods of financial stress in emerging countries where unequal access to credit across firms internationally is more likely. The tests use the IMF emerging market (EM) financial stress index. Unconditionally, the inclusion of the measure is not useful for predicting future stock returns of the producer firms in the panel regression. However, when the indicator is interacted with the dummies for high-and low-trade credit firm groups, the results are strong and in line with model predictions. The table reports that our predictability result is larger during times of EM stress. The return performance in times of high EM stress is over four times that in times of low EM stress. Consistent with Prediction 3, this suggests that most of the gains from these strategies are made when access to external financing is more asymmetric. We show in Table A6 that the same regressions run without controls produce similar qualitative effects. Taken together, these results offer further empirical support to our model of trade credit as a mechanism for generating cross-country return predictability and international transmission of shocks, and they suggest that the channels that we identify in the model are potentially important.
[Insert Table 6 near here]
Robustness
We believe that the effects we find in the panel regressions are due to trade credit and cannot be explained by the included controls. We do not simply have an indicator variable for trade credit. We sort firms monthly by the level of trade credit to create a discrete variable that we use for our interaction terms, but we also include the level of trade credit, a continuous variable, as a control on the right-hand side of the regressions. Further, our panel regression results are essentially unchanged when we include controls for the three Fama and French factors, global momentum, and firms' earnings before interest, taxes, depreciation, and amortization (EBITDA)-to-sales ratio.
To further assess the reliability of our identification strategy, we perform a placebo test in which firm-level trade credit within an industry each month is reassigned randomly across the firms in that industry and month. We repeat the entire empirical analysis (sorting on customer country return, sorting on randomized trade credit, panel regressions with all controls, etc.) and show the results in Table 7 . For ease of comparison, the first row ("Baseline Result") shows the baseline panel regression result with all controls shown in Table 3 . The results from the randomization ("Placebo test result") are in the second line. We find that the strategy returns do not change conditional on high and low trade credit after that field is randomized, suggesting that randomized trade credit does not contain useful identification information, and gives further support to our identification strategy.
[Insert Table 7 near here]
In our regressions we value-weight stocks within each of the trade credit producer-country portfolios, as well as accounting for firm size on the right-hand side. This helps to ameliorate concerns that our results are driven by very small firms or by liquidity-related issues such as variation in transaction costs or stale prices. We also re-run our regressions after applying filters for firm size. We filter out the smallest 15% of firms by market capitalization in each country in each period and all firms with market capitalization less than $1 million and, separately, $10 million. The results are either unchanged or marginally stronger. Our results are also robust to variations in the construction of the customer-return portfolios. Over and above the standard equal-weights applied across country-return indexes, our results persist if we export-weight country index portfolios when constructing customer country-return indexes, and they are robust to varying the 5% threshold (see Table A8 ). Also, our predictability results are stronger when we winsorize the producer-country firm returns data at the 1 th and 99 th percentile points, which provides evidence that our results are not driven by extreme return observations. In Table A7 of the online Appendix, we show that using National Bureau of Economic Research recession periods instead of the EM financial stress index gives similar results. Our predictability result is larger during recession periods. These findings are consistent with the model's prediction regarding predictability across periods of more asymmetric access to external credit.
Finally, Table 8 employs portfolio sorts instead of the panel regression methodology to check for possible nonlinearities, and it risk-adjusts the portfolio returns using high minus low (HML) and country momentum (MOM) in addition to the world market portfolio return (MKT). The HML factor is obtained from Fama and French international data, the MKT factor is the excess return of the MSCI World index over the three-month US T-bill rate, and the global (country-level) MOM factor is constructed as follows: At the end of each period t, countries (constituents of MSCI World index) are sorted into terciles based on the compounded local-currency return for the corresponding MSCI country index from t − 12 to month t − 1. MOM for period t is the return difference (in US dollar terms) between the top and bottom tercile (equal-weighted) portfolios. In this table, we show the results from portfolio regressions with both customer return and trade credit dimensions sorted into quintiles. In the panel regressions in Tables 3 to 7 , we use quintile-tercile sorting as some specifications use multiple further levels of interactions, which can cause some grouping sizes to become very small when using the quintile-quintile sorting. 16 In the matrices shown in Table 8 (and Table A2 ), we display the results for regressions with no factors (excess return) and one (+MKT), two ( +MOM), and three (+HML) factors included. We also add in a trade credit factor to correct for the possibility that trade credit itself could be a determinant of excess returns. To construct this factor, at each date we sort all firms by trade credit into terciles. We form value-weighted portfolios of these terciles, and the trade credit factor return is the high-low tercile portfolio return. The long-short portfolio strategy results are unaffected by the inclusion of these factors. The four-factor model displays the predicted nonlinear relation with the significance in predictability coming statistically strong only for firms in the bottom customer quintile. The evidence from the portfolio sorts and the evidence above provide a fundamentals-based channel for the effect captured by Rizova (2010) .
[Insert Table 8 near here]
Conclusions
The role of financial intermediaries such as banks and mutual funds in transmitting shocks across borders has been extensively studied, and the relation between these intermediaries and the firms to which they lend has been the focus of significant attention. However, trade credit relation and other cash flow connections between firms across different nations have featured less prominently in debates on the sources of cross-border return predictability. We build a simple model of trade credit between firms in different countries and derive novel predictions pertaining to the role of trade credit, trading volume, and the costs of financing to cross-country firm-level predictability in stock returns, which we then test on our sample.
Our empirical results suggest that this channel could be equally important to that of financial intermediaries, showing that high-trade credit firms in producer countries experience significantly low returns when their customer countries' stock markets perform poorly. We find support for our identification by showing that this behavior is confined to firms with high foreign sales. We find additional support for the predictions of the model regarding the conditions under which the cross-predictability increases dramatically. Taken together, our model and empirical results provide support for the important role played by trade credit, a direct economic link between firms, in explaining cross-country return predictability. Our work suggests that future research would profitably focus on better understanding the role of these economic links.
quintile-tercile sorts.
Appendix A.
This Appendix provides the proof of Proposition 1 and the results in Subsection 2.5.
A.1. Proof of Proposition 1
Consider the equilibrium prices as given in the proposition:
Domestic investors in country i learn
domestic investors in country i. Using this information, a domestic investor in country i solves at date 1: max
The first order necessary and sufficient condition for this problem yields
Likewise, speculators from either country face the problem of
This problem is solved by setting
where
which gives
After multiplying the two matrices, we obtain the expression in Eq. (11). With the asset demands we can now solve for market clearing:
Using the price functions to substitute for the values of P i and combining terms associated with the various state variables (
, we obtain eight equilibrium conditions (four from each market clearing condition):
These equations can be used to solve for the eight unknowns:
h CC , and h CP . This is a nonlinear system of equations because the conditional variances Var d D P − P P and Var d D C − P C depend on these price parameters as well. We solve for the equilibrium by finding a numeric solution to this system of equations. From the properties of conditional normal distributions;
These moments are harder to calculate than in more standard models of asymmetric information because domestic investors in each country do not form expectations about fundamentals in the other country. Specifically, the unconditional covariance between forecast errors is not an output from investor learning behavior. Using these moments and the definition of Π i , we can write the expressions for the forecast errors of each domestic investor:
Solving this system of two equations in two unknowns (the forecast errors) gives
We can now solve for five unconditional moments,
and Var Π C , from which we finally obtain the conditional variances:
A.2. Proof of the results in Subsection 2.5
We solve the model in which investors agree to disagree on the true value of the covariance E D P D C . We assume that firms' trade credit pattern is such that E
Because speculators observe ε C , they know the true value of the covariance E D P D C . We assume that domestic investors know the value of the covariance as perceived by the speculators but agree to disagree and believe that
uC ) always. We also assume that domestic investors do not know that speculators' perception of the covariance E D P D C depends on ε C . This last assumption eliminates a complicated inference problem. Consider states of the world in which ε C ≤ ε C and the true covariance is E
. Under our maintained assumptions, the solution to the asset pricing problem is the one in the main text. Fig. 1 provides comparative statics on the equilibrium value of cross-country predictability, E D P − P P |P C .
Consider now states of the world in which ε C > ε C and the true covariance is E D P D C = 0. Rewriting Eq. (11), we obtain (setting α to zero)
Solving the stock market equilibrium condition for country C (the derivations for country P are similar and are omitted):
Letting
, and similarly to Proposition 1, we can write this expression as
By construction, this price function solves for the stock market equilibrium. To complete the solution of the equilibrium, we need to solve for Var d D C − P C to then solve for β 1 .
Domestic investors learn from prices the sum Π
, from which they construct their conditional moments,
Using the properties of multivariate normal distributions, it is straightforward to show that
Having solved for Var d D C − P C , we can obtain β 1 and the price function. This concludes the derivation of the equilibrium. We have, therefore, shown that because the true α = 0, an equilibrium of the form described in Proposition 1 exists with b CP = h CP = 0. In this equilibrium, E D P − P P |P C = 0 trivially because P C does not convey any information for producer country firms. Therefore, there is no cross-country return predictability. This table presents summary statistics at the country-level of the monthly return data employed in the paper. The set of producers for a particular year is the top 75% of countries ranked by the exports to gross domestic product ratio over the previous year. For each producer and year, a set of countries is identified as its major customers (importing at least 5% of the producer's exports over the previous year). The set of producers and their customers is identified at the start of each year from 1993 to 2009. The table shows descriptive statistics for country indices using percentage monthly (market capitalization-weighted) US dollar-denominated simple returns. For countries that appear only as customers throughout the study period, these data are the corresponding MSCI country indices. For all others, these indices are built from industrial firm-level Worldscope data. The table presents the total number of unique firms and the average number of firms per year used to construct these indices. The values "By country" show descriptive statistics for the time series of the value-weighted cross-sectional mean of firms' trade credit (accounts receivables turnover) in countries classified at least once as a producer and have firm-level balance sheet data on Worldscope. The results "By year" show descriptive statistics for the cross section of producercountry trade credit by year. These summary statistics are with observations of firm-level accounts receivable turnover higher than 50 (5000%) filtered out. The trade credit sorts in the portfolio strategies in the rest of the paper use these filtered data. In Table A1 Table 3 Customer momentum strategy, panel regressions This table shows pooled firm level return (WLS) regressions. We include dummies to indicate the customer-return quintile a firm belongs to in a particular month and we interact these with dummy variables indicating a firm's level of trade credit (sorted into terciles) to find the excess return difference between low and high trade credit firms between particular customer-return sets. In the matrix on the left, we show the results from regressions without controls; the results on the right include controls. As control variables, we include lagged values of firm size (ranked within each country in each month), cash-to-assets, short-term debt-to-assets, net debt-toassets, accounts receivables-to-sales (trade credit measure), equity market value-to-book value, multinational firm dummy, firm return, customer country index return, domestic industry return, country return, and contemporaneous world market return. Table 4 Customer momentum strategy, panel regressions, conditional on foreign sales level
This table shows the estimates of the 'within' and 'across' customer-return quintile long-short portfolio returns for firms classified by their customer-index performance and trade credit levels, conditional on the foreign sales level. The pooled regression setup in Table 3 is augmented with interactions on the ratio of firm foreign sales to total sales level. We interact the high foreign sales dummy with the firm dummies included in Table 3 to estimate performance differences for firms conditional on foreign sales activity levels with all of the control variables. These include lagged values of firm size (ranked within each country in each month), cash-toassets, short-term debt-to-assets, net debt-to-assets, accounts receivables-to-sales (trade credit measure), equity market value-to-book value, multinational firm dummy, firm return, customer country index return, domestic industry return, country return, and contemporaneous world market return. The row and columns labeled "With fixed effects" show results with all of the control variables plus industry and country fixed effects. In Table A4 Table 5 Customer momentum strategy, panel regressions, conditional on volume
This table shows the estimates of the 'within' and 'across' customer-return quintile long-short portfolio returns for firms classified by their customer performance and trade credit level, conditional on volume and foreign sales level. The pooled regression setup in Table 4 is further augmented with interactions on the ratio of total stock trading volume to total equity market capitalization in the producer country. We interact the high trading volume dummy with the firm dummies included in Table   4 to estimate return differences for firms with high levels of foreign sales. The table shows results with interactions for high foreign sales and high trading volume, with all of the control variables. These include lagged values of firm size (ranked within each country in each month), cash-to-assets, short-term debt-to-assets, net debt-toassets, accounts receivables-to-sales (trade credit measure), equity market value-to-book value, multinational firm dummy, firm return, customer country index return, domestic industry return, country return, and contemporaneous world market return. The row and columns labeled "With fixed effects" show results with all of the control variables plus industry and country fixed effects. In Table A5 Table 6 Customer momentum strategy, panel regression, conditional on financial stress
This table shows the estimates of the 'within' and 'across' customer-return quintile long-short portfolio return for firms classified by their customer performance and trade credit level, conditional on financial stress level. The pooled regression setup in Table 3 is further augmented with interactions for emerging market financial stress, defined as any period in which the IMF World Economic Outlook Financial Stress Indicator for an emerging market is above one. This flags 65 out of 195 months in our sample as financial stress periods. We interact the financial stress indicator with the firm dummies included in Table 3 to estimate performance differences in and out of periods of financial stress with all of the control variables. These include lagged values of firm size (ranked within each country in each month), cash-to-assets, shortterm debt-to-assets, net debt-to-assets, accounts receivables-to-sales (trade credit measure), equity market value-to-book value, multinational firm dummy, firm return, customer country index return, domestic industry return, country return, and contemporaneous world market return. The row and columns labeled "With fixed effects"
show results with all of the control variables plus industry and country fixed effects. In Table A6 Table 7 Customer momentum strategy, panel regression -placebo test randomizing trade credit measure
This table shows the estimates of the within and across customer-return quintile long-short portfolio returns when the trade credit measure of firms is randomized within an industry each month. The "Baseline result" row shows the baseline panel regression results for the long-short portfolio strategy (same as in Table 8 Customer momentum strategy, portfolio regressions
This table shows returns produced by the customer momentum strategy. We show the returns of indices derived from sorting firms into customer-return quintiles, then further sorting each quintile into quintiles by trade credit (measured as accounts receivable turnover). Excess return is the average return over the sample period in excess of the monthly US Treasury bill rate. Three factor corresponds to alphas obtained from regressing returns of these indices on the world market (MKT), country momentum (MOM), and global high minus low (HML). In Table A2 of the online Appendix, we also show the alphas obtained from regressing returns of these indices on one factor, two factors and four factors (world market plus country momentum plus global HML plus a constructed trade credit factor). We also show portfolio regression results for quintile-tercile sorts. These results show percentage monthly (market capitalization-weighted) US dollar-denominated simple returns. t-statistics are shown in italics below the return estimates and computed using the Newey and West method. 
